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Abstract: Axial flux permanent magnet (AFPM) machines can be employed as the traction motor of electric vehicles
due to their high torque capability, high efficiency, modular and compact construction, and capability of integration
with other mechanical components in integrated systems. Besides, the system efficiency can be further improved by
optimal design of the selected electric machine. In this paper, an AFPM machine is optimized against two well-known
driving cycles called the New European Drive Cycle (NEDC) and US06 and the influence of the driving cycle on the
obtained machine parameters is evaluated. US06 is the more demanding driving cycle and thus the machine designed for
this driving cycle demands more electrical loading compared to the machine designed for NEDC. Therefore, the copper
loss minimization becomes more important for the US06-optimized machine compared to the NEDC-optimized machine.
Consequently, the machine design parameters optimized for different driving cycles would be quite different. Compared
to the NEDC-optimized machine, the US06-optimized machine has a lower number of coil turns, lower height of teeth,
and lower diameter ratio to limit the copper losses. Furthermore, fewer magnets are needed for the motor optimized for
the NEDC compared to the motor optimized for US06. A quasi-3D approach and particle swarm optimization algorithm
are used in the semianalytical design optimization process. Additionally, computationally efficient 3D finite-element
analysis and measurements made for the prototype AFPM machine are carried out to validate the accuracy of the
quasi-3D approach.
Key words: Electric vehicle, axial-flux permanent-magnet machines, traction motor, driving cycle, design optimization

1. Introduction
With increasing environmental concerns and energy security problems, electric vehicles (EVs) have attracted
tremendous attention during the last years. It is evident today, thanks to modern battery technologies, that
conventional gasoline-based vehicles can be replaced by EVs in transportation systems to improve the fuel
economy and to reduce pollutant emissions. However, EVs have their own requirements [1].
One of the most important requirements in EV systems is the selection of the most adequate electrical
machine to realize the attributed characteristics. The battery size as well as the pure electric driving range
of EVs is affected by the traction motor characteristics [2]. Considering the power density and efficiency,
permanent magnet (PM) machines are preferred among other types of electrical machines such as induction or
switched reluctance machines [3–9]. In integrated systems in which the rotor can be directly integrated into the
driven machinery, axial flux permanent magnet (AFPM) machines may be a competitive or even better choice
compared to radial flux (RF) topology [10–16].
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The driving cycle should be taken into account in the design process of electrical machines for EV
applications. In the start and acceleration phase or in very high speed periods, the output power of an electrical
machine may be even two times the nominal power. Design parameters should be determined not only for the
rated point [17, 18] but also over a wide range of operating points in a defined driving cycle. However, the design
process would be very time-consuming if all operating points were considered even with present-day powerful
computers.
To evaluate the influence of different driving conditions on machine optimization, two driving cycles
with distinct characteristics are considered. The New European Driving Cycle (NEDC) is composed of four
ECE-15 city driving cycles characterized by low vehicle speed and low engine load followed by one extra urban
EUDC driving cycle, which is characterized by more aggressive, high speed driving conditions [19], and US06,
which is the one of three included in the US EPA’s Supplemental Federal Test Procedure. The US06 includes
aggressive, high speed, and/or high acceleration driving behavior with rapid speed fluctuations representing
highway driving conditions.
Considering the different characteristics of both cycles, the machine design parameters optimized for
the NEDC would be quite different from those of the US06. This problem can be solved to some extent by
a distributed traction system in which two identical traction motors have complementary characteristics. A
surface-mounted permanent magnet (SPM) machine together with a permanent magnet-assisted synchronous
reluctance machine (PMA-SRM) can be employed to independently provide the traction power in different
driving conditions [20]. However, the number of traction motors and the space required are increased.
In this paper, the machine is optimized against two different driving cycles named NEDC and US06.
The number of operational points is not reduced to a limited number of representative points [21]; instead,
all operating points are considered in the optimization process. To speed up the optimization process, a
semianalytical design method called a quasi-3D approach together with the particle swarm optimization (PSO)
algorithm is used to design and optimize the considered AFPM machine.
2. Vehicle data and driving cycles
The main vehicle data are given in Table 1. It must be noted that the modeling of an EV’s different components
such as electric machine, transmission system, battery, and driver model as well as the rolling and aerodynamic
resistance calculations are not the key concerns in this paper. The modeling details can be found in [1]. The
motor speed, motor torque, trajectories of operational points, and resultant energy distributions versus motor
speed and torque over NEDC and US06 are illustrated in Figures 1 and 2, respectively. Absolutely different
operational point distributions can be seen for different driving cycles. This is mainly due to the distinct
characteristics of the two cycles. NEDC is characterized by less frequent acceleration/deceleration while US06
is characterized by frequent and abrupt speed variations.
3. Reference machine
As illustrated in Figure 3, an AFPM machine with one interior rotor located between two parallel connected
stators called an axial-flux interior rotor permanent-magnet machine (AFIPM) is considered as the reference
machine. Owing to the presence of two similar stators on both sides of the rotor structure, the normal attractive
force between the rotor and stator cores can be canceled out. Therefore, unbalanced loading of the stators and
unequal air-gap physical lengths on both sides of the rotor should be avoided. The magnets, rotor back-iron,
and stator core materials are considered as neodymium-iron-boron magnets, construction steel S232JR, and
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Table 1. Vehicle data.

Parameters
Wheel radius (m)
Vehicle weight (kg)
Rolling resistance
Drag coefficient
Front area (m2 )
Auxiliary power (kW)
Air density (kg/m3 )
Gear ratio for the gear between the wheels and traction motor
Efficiency of differential (%)
Gravitational acceleration (m/s2 )

Value
0.3
1600
0.008
0.26
2.55
1
1.2
5
98
9.81

M600-50A, respectively. Both stators have rectangular slots forming a conventional double layer overlapping
the winding. The number of slots per pole and phase is equal to one.
4. Design optimization approach
In this section, a design optimization tool based on the PSO algorithm and quasi-3D design approach is
presented.
4.1. Particle swarm optimization (PSO)
Due to suitable capabilities of metaheuristic algorithms in dealing with complex nonlinear problems, the PSO
algorithm has been employed as an optimization tool to find the optimal design parameters of electrical
machines. In [22], cogging torque of surface-mounted PMSMs was optimized with the PSO algorithm. In
[23], the PSO method was applied to find the optimum parameters of the segmented pole PMSMs for improved
torque characteristics. Kazerroni et al. [24] used a fuzzy adaptive PSO technique for optimal design of slotless,
brushless PM machines with a 2D analytical model. In [25], a modified PSO algorithm was applied for optimal
design of an interior PMSM to minimize the total harmonic distortion (THD) of the back EMF. Inspired by the
behavior of swarms of insects, PSO optimizes a problem through an iterative loop moving the candidate solution
(particles) toward the best solution with regard to predefined measures of fitness. The population of candidate
solutions moves around in the search space toward the best known position, which is updated iteratively. Each
particle’s movement is affected by its own best found position as well as the best found position of all particles.
During each iteration of the PSO algorithm, the fitness of each particle is evaluated using the selected
objective function. Then the previous best position of the i th particle in the k th iteration xkpb,i and the global
best position of all particles xkgb are updated. Finally, the velocity vi and position xi of each particle are
modified according the following equations:
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)
(
)
vik+1 = w × vik + c1 r1 xkpb,i − xki + c2 r2 xkgb − xki ,

(1)

xk+1
= xki + vik+1 ,
i

(2)
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Figure 1. The motor speed, motor torque, trajectories of operational points, and resultant energy distributions versus
motor speed and torque over NEDC.

where w is the inertia weight of PSO. c1 and c2 are the acceleration coefficients of PSO. r1 and r2 are random
values. More details about the PSO algorithm can be found in [26].
In the considered AFPM machine, the outer diameter of the stator stack Dout , inner to outer diameter
ratio kD , maximum air-gap flux density produced by the PMs Bagap , and machine maximum RMS electrical
loading A are selected as optimization variables. A population of particles moves toward the better solutions.
Every particle denotes a candidate solution for the considered optimization variables. The fitness of every
particle in the population is evaluated iteratively until the PSO algorithm’s convergence is obtained. The
position of each particle is iteratively modified with a velocity that is iteratively modified according to its own
flying experience and the flying experience of other particles. After PSO convergence, the particle with the
highest fitness is selected as the design parameter.
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Figure 2. The motor speed, motor torque, trajectories of operational points, and resultant energy distributions versus
motor speed and torque over US06.

4.2. Optimization parameters, objective, and constraints
The objective of the optimization algorithm is to minimize the total energy loss over a driving cycle Wloss , as
expressed in Eq. (1):
Wloss =

m
∑

Ploss (Tmci , ωmci )∆tmi ,

(3)

i=1

where m is the number of individual operating points in a driving cycle. Ploss (Tmci , ωmci ) and ∆tmi are the
power loss and total working time duration of the ith operating point, respectively. The objective function
and the constraints should be defined as a function of optimization parameters. Optimization variables are
determined and electromagnetic design constraints as well as the practical limitations are included in the design
3238
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Figure 3. The reference AFIPM machine.

program. Several machine design constraints are listed in Table 2. As shown, the optimization variables are
restricted between upper and lower values. A minimum thickness of 5 mm is considered for the teeth in the
inner radius of the stator from the mechanical point of view. Almost the same current density is considered for
both designs.
Table 2. Several machine design constraints.

Parameters
Stator core outer diameter, Dout (mm)
Diameter ratio, kD
Maximum air-gap flux density, Bagap (T)
Maximum RMS electrical loading, A (A/m)
Line-to-line induced back-EMF (V)

Value
300 ≤ Dout ≤ 400
0.57 ≤ KD ≤ 0.65
0.75 ≤ Bagap ≤ 0.85
30000 ≤ A ≤ 60000
≤ 250

4.3. Quasi-3D approach
There is always a trade-off between accuracy and speed of computations. In design optimization problems
over large optimization response surfaces such as machine design for EVs, a fast design method with enough
accuracy is required. Owing to the actual 3D structure of AFPM machines, the machine performance may not
be evaluated accurately using 2D analytical design approaches in the average radius of the machine. 3D-FEA
should be performed to take the actual 3D structure of the AFPM machine into account. However, optimization
processes over large response surfaces may not be handled by computationally heavy 3D-FEA. The quasi-3D
approach offers an interesting solution. As illustrated in Figure 4, the inherently 3D structure of the AFPM
machine is transferred to a sufficient number of independent 2D problems, which is called the computational
plane. Afterwards, the machine’s overall performance is evaluated by summing the results of all individual 2D
problems. The main dimensions of the ith computational plane are obtained as follows:
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Figure 4. How to subdivide the inherently 3D geometry of AFPM machines into several 2D problems [11].

Dave,i = Dout − (2i − 1)

ls =

ls
,
N

Dout − Din
,
2

(4)

(5)

τp,i =

πDave,i
,
2p

(6)

αp,i =

wPM,i
,
τp,i

(7)

where Dave,i , τp,i , wPM,i , and αp,i are the average diameter, pole pitch, magnet width, and relative magnet
width of the machine in the i th computation plane, respectively. Dout and Din are the internal and external
diameter of the stator, respectively. ls and p are the radial length of the stator stack and number of pole pairs,
respectively. N is the number of computation planes.
In [11–13], the main features of the quasi-3D approach and its effectiveness compared to 3D-FEA were
demonstrated. More details on how to design an AFPM machine using quasi-3D can be found in [14]. It must
be noted that, in the design algorithm, ferromagnetic materials are not considered as ideal. Magnetic voltage
drop at iron parts as well as the slot opening impacts are taken into account by respectively using a saturation
coefficient and a relative permanence function [14].
4.4. Optimal design procedure
An analytical design program is developed in MATLAB. The main steps of the analytical design procedure and
machine optimization program are as follows:
Step 1) Import the design variables from the PSO algorithm to the quasi-3D design program.
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Step 2) Implement the quasi-3D approach to the electromagnetic design of an AFPM machine using
initial design values (such as B-H characteristics of the ferromagnetic materials, number of poles and slots,
air-gap physical length) and variables imported from PSO.
Step 3) Calculate the main dimensions of the machine and PM’s axial length based on the basic equations
needed for design of AFPM machines.
Step 4) Calculate the winding dimensions based on the machine’s main dimensions.
Step 5) Check both electromagnetic and practical constraints.
Step 6) Calculate the power losses and efficiencies for all operating points in a predefined driving cycle.
Step 7) Check the analytical design convergence.
Step 8) Calculate the objective function of the PSO algorithm.
Step 9) Export the value of the objective function to the PSO algorithm.
5. Optimized design parameters for different driving cycles
The main design parameters of two AFPM machines optimized respectively for the NEDC and US06 are given
in Table 3. As is clear, a different set of optimum parameters is achieved for different driving cycles. Stator
outer diameter is higher for the US06-optimized machine due to its higher maximum output power compared
to that for NEDC. For low and high speed operation points, copper and iron losses are usually the dominating
loss components, respectively. For the considered machine, in both driving cycles, iron loss is the dominating
part of the power losses at the majority of the operation points. US06 is the more demanding driving cycle
and demands more current, especially in acceleration periods, where the copper loss minimization becomes
more important. Therefore, in contrast to the NEDC-optimized machine, the US06-optimized machine has
lower number of coil turns, lower height of teeth, higher height of PMs, higher maximum air-gap flux density,
and higher radial length of the stator stacks (lower diameter ratio) to limit the copper losses and consequently
achieve an improved efficiency. The total energy efficiencies of the two optimized machines over both driving
cycles are listed in Table 4. As is observed, the optimal designs have the highest efficiency in their target driving
cycles. The machine optimized for NEDC has lower efficiency over US06 compared to the machine optimized
itself for US06 and vice versa. This difference is related to the distinct energy distribution of the two considered
driving cycles over the wide range of machine torque and speed operation points. The US06-optimized machine
exhibits higher energy efficiency in the relatively high torque region, while the NEDC-optimized machine has
higher efficiency in the relatively lower torque region. Therefore, the machine optimization for the NEDC would
be quite different from that of the US06. Furthermore, fewer expensive magnet materials are needed for the
NEDC-optimized machine, which consequently reduces the machine cost. Considering less magnet usage of the
NEDC-optimized machine and relatively high efficiencies over both driving cycle, it can be concluded that the
NEDC-optimized machine may present balanced performance over driving cycles.
6. Evaluation of the results obtained by quasi-3D approach
Owing to the large number of operating points in a specific driving cycle, and regarding the considerably
higher time needed for model definition and computation, finite element analysis may not be feasible in the
optimization process. However, the key concern of the optimization algorithm is about the reliability of the
design data obtained by the quasi-3D approach. For accurate evaluation of the considered AFPM machine,
3D-FEA is performed. Therefore, the actual 3D flux behavior of the machine can be taken into account. From
3241
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Table 3. Optimized AFPM machine data.

Parameters
Number of pole pairs
Number of stator slots
Physical air-gap length (mm)
Magnet material
Maximum output power (kW)
Stator core outer diameter, Dout (mm)
Diameter ratio, kD
Maximum air-gap flux density, Bagap (T)
RMS electrical loading, A (A/m)
Number of coil turns in series per phase
Axial height of magnets (mm)
Thickness of the stator yoke (mm)
Height of the teeth (mm)
Thickness of the rotor disk (mm)
Maximum current density (A/mm2 )
Cost of active materials (e)
Total energy efficiency (%)

NEDC-optimized machine
6
36
1.5
Nd-Fe-B
45.702
317.3
0.6248
0.751
51574
24
4
16.1
45
27
4.1
511
87.43

US06-optimized machine

87.097
398.2
0.575
0.7861
34528
12
4.6
20.5
32.1
34
4.18
767
83.62

Table 4. Specifications of optimized machines.

Parameters
Efficiency over NEDC (%)
Efficiency over US06 (%)
PM usage (kg)

NEDC-optimized machine
87.43
82.72
2.045

US06-optimized machine
81.8
83.62
4.067

the FE modeling point of view, the model can be reduced to 1/24 of the machine structure. Thus, regarding
the periodicity and axial symmetry, it is sufficient to model only one pole pitch and one stator and half of a
rotor back-iron. To do so, boundary conditions should be applied properly in the model definition, as shown in
Figure 5. It must be noted that, when the boundary is a plane normal to an axis, the zero normal derivative
represents an adiabatic boundary. Adiabatic conditions mean that the magnetic flux density distribution will
be symmetrical (i.e. upper half of the model will have the same flux profile as that in the other half). The used
FEA software is FLUX2D/FLUX3D, developed by CEDRAT. The execution time required for the quasi-3D and
3D-FEA methods according to the author’s experience is compared in Table 5. Computations are done with
Intel Core i5, 4.8 GHz/4 Gbyte system requirements. It is clear that the design process is sped up significantly
using the quasi-3D approach.
Table 5. Computation time comparison between quasi-3D approach and 3D-FEA.

Method
Quasi 3D approach, 20 computation planes
3D FEA, one time step

Computation time
20 s
10 min

As can be seen from Table 6, the effectiveness and accuracy of the analytical design approach can be
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Figure 5. Boundary and symmetry conditions of AFPM machine [15].

verified by comparison of the results obtained by FEA and the quasi-3D method at the rated point. Obviously,
there is a good compromise between the two results.

Table 6. Comparison of quasi-3D approach and 3D-FEA.

Parameters
Maximum air-gap flux density (T)
Maximum flux density in the stator teeth (T)
Maximum flux density in the stator yoke (T)
Line-to line induced back-EMF (V)

Quasi-3D
0.832
1.63
1.35
247.2

3D-FEA
0.829
1.6
1.32
246.3

In addition to 3D-FEA, a measurement set-up is arranged to evaluate the reliability of the quasi-3D
approach as the core component of the optimization algorithm. The set-up is illustrated in Figure 6. The
measured induced phase voltage of the machine rotated at 350 rpm is shown in Figure 7. As shown, the RMS
value of the measured phase voltage (back-EMF) is in good agreement with the reference value obtained by the
design program, i.e. 246 V. Furthermore, a comparison between the measurement and the computation results
of the machine efficiency as a function of the output power is given in Table 7. As is clear, the results verify
the accuracy of the quasi-3D approach to some extent. The observed differences between the measured and
calculated results are mainly related to the temperature rise, which increases the phase winding resistance.
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Figure 7. Measured phase voltages for the machine rotated at 350 rpm.

Table 7. Comparison between the measured and calculated machine efficiency as a function of output power.

Output power
4 kW
5 kW
6 kW
7 kW

Calculated efficiency with quasi-3D
92.3 (%)
91.23 (%)
89.85 (%)
85.62 (%)

Measured efficiency
91.6 (%)
89.9 (%)
87.7 (%)
83.1 (%)

7. Conclusion
In this paper, a design optimization technique based on the quasi-3D approach and PSO algorithm was presented
to minimize the total energy losses of an AFPM traction machine over two different driving cycles. It was
concluded that a different set of optimum parameters is obtained for different driving conditions. Since the
copper loss minimization becomes more important in the more demanding US06 driving cycle, a lower number
of coil turns, lower height of teeth, higher height of PMs, and lower diameter ratio were achieved for the US06optimized machine compared to the NEDC-optimized machine. Regarding the different energy distributions
of the NEDC and US06, the two optimized machines have the highest efficiency in their target driving cycles.
Furthermore, it was observed that the motor optimized for the NEDC needs fewer continuously expensive
magnets compared to the US06-optimized motor and presents a balanced performance over both driving cycles.
The effectiveness of the quasi-3D approach was evaluated with 3D-FEA and experimental results.
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